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Abstract

To tackle challenges like varied shapes, occlusion, and background clutter in industrial fastener de-
tection, we propose an enhanced YOLOv10n-WGM algorithm. Focusing on M6 nuts and M8 screws,
a diverse synthetic dataset was generated using Unity3D by varying lighting, textures, and colors,
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and simulating physical stacking. A total of 600 images were collected and split into training and
validation sets at a 4:2 ratio. The model incorporates three key improvements: 1) WloU loss, which
dynamically adjusts the loss weight to alleviate anchor box quality imbalance and optimize the gra-
dient allocation strategy, for better handling of low-quality samples; 2) The C2f module is replaced
by the C2fCIB-LEGM structure to enhance local feature extraction and model global dependencies;
and 3) The CGAFusion module is integrated before the detection head to enhance cross-level feature
flow efficiency and preserve spatial detail specificity. Experiments show significant gains: +3.588%
mAP50, +1.551% mAP50:95, +2.342% precision, and +4.295% recall compared to the original
model, with markedly lower missed detections. The method demonstrates high accuracy and ro-
bustness for real-time industrial fastener inspection.
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Figure 1. YOLOv10n-WGM model architecture
1. YOLOV1On-WGM 1R B L5 4 [E]

DOI: 10.12677/csa.2025.1511302 259 TFEARY 5N H


https://doi.org/10.12677/csa.2025.1511302

WA &%
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). A FAEFIN 4 (U0 ResNet. DarkNet) % T HDR EUE Btk iy BB A BERE /3 AN 2 o 1% 1T/ HDR H 2
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Figure 2. Schematic diagram of LEGM principle
2. LEGM [REREE

LEGM HIHZ O AN SC 2 R: 1) Rk 554 3 (Local Enhancement Branch, LEB): %S¢ &E T
R4 HDR UG rb A AR i Y HE T HE T R 2R B SR B 45T o BRI A] 2% ) IR SR BRI R O, 456 T AR T
445 (Deformable Convolution)F1Jm&ByE R AIHLE],  EE R A TR H bR X3k, 95 B A5 Ay 5
bR 4 B SORAFIE R TR 2) 4R HI4) 32 (Global Modulation Branch, GMB): %4y 32 i 12 % 142 )5
EFXEE, FFETRHERR UGN HDR Wyt rh i) 2 A Fl o & 42 JR S350t A A AR AR 46 (1
L AR SR B4 R R AE,  FERLG T TIN5 SRR AE AT 3 S AR o 5 0l i 2% A () 5 e 2

LEGM RHEEIH A K/ Cx H x W (Frp C viliE e, H AW 5352 (al s E M), 6 arE
JR IG5 oy SR EAT AN IR, I RS R s [RIRTZE A R R SRR I A R R SUE R . A
Iy CHRHE T & Bl G B T RS, A Al 5 R IE A

AR T AT A RARR: 22 B Y P 51| B8R 2% HDR H, LEGM B #:4b ¥ 5K HDR 4 (8 SDR % HDR
JE IR, 7E B — X 2% e X3 S 45 K SE B R B AT R R RN 4 = R SO, AT EAAMO AL B D
e AL A AR, BRI R kA, LEGM Ufd F MG AR H WE R IHLH], AR
M) CUDA 55, FER AL 2 SIHEZL (U0 Py Torch) th#8 e SEILAT AR 2, JCIHE ] T+ SR 2 BRI 5)
Uity B N QB A S Gk % ST HDR EHE B ARKIT S5

2.3. CGA Fusion &S| SHEE IR AR

TES 4 Tl 3500 B AT SS o, AR 7 B A IR0 i R B RO S N R T 2 RE B, 1%
G AR AR S RIUAEE s [ 8 RS A BUZ M DL & R SR AR T [RDRUEE B b 9 G EARRAE X
W, B KRB N ki S AR L. 7 EAREERER GO, AL H FRRHE
PEHU T B S BURF AL TR IE AR BSR4 0k (nd8as . M2 RR) A4 DA a5 1 7 RMERR, /e ™ B A B
PSRN 2 v AR . ARG ISR RS — 1A EE 7 X, TCVARYE H FR 10 23 18] 5 A7 ANE S 2
172 AR AE SR B . RRAIE 42 7 35 W % (FPN, Feature Pyramid Network) % ) 3 BB 42 AR A2 0 7 SRt &
Z SRR, (BIEFEIEM TBURAIR. 8RR A M4 (PANet, Path Aggregation Network)7E i FPN [f]
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Figure 3. Schematic diagram of CGA Fusion principle
3. CGA Fusion [RIBREE

Channel

Shuffle 7x7Conv

FAzbia HR AT i BN 2 3 4LE X

x c RCxHxW (1)

K = Convix1_k(X) @

Q =Convixl_q(X) 3)

A= Softmax(Reshape(Q)T Reshape(K)) 4)
y= a(F02 (5(Fc. (cAP(X ))))) ()

AT Lo X O A, 2 32) R SR (3) I FIA IR X1 %A i (Key) FI 5 4 (Query)
LI BEJS, AT A A A A MR A R S B, AR S A A
W A, Hrlv Softmax JSHTREAT 7 FIHEATIH—{k, Reshape B fE4E (T F 2 M4E R R T o IR, AR
(5) I 4 J7 Tt 1 (GAPY I HSIE 2 56 5 1, HF3d 402 4 B 2 R B MO T WL A i
VERR IR . Rt I 2 AU B T T A, it B RURAIGE, SRR , TR
HiTe, STBLAA] S A
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YOLOV10n H a4k i %L CloU & 1A FHER HLEE e 6 s bl 28I EE, FERASHARPL K
B NG — 0 B IAT S e Refa e, (HIX BAdES . B8 SRR P17 55 ) R UG 6
RCRRATH 4. CloU H B8 vy U A ST 00K B 2% P8 S5 4R M RE A T & 1) 3, DTG — SIS AR T R s )
AL Ti . EloU B#Ef/ METE 2, WSl FEAEARS BT T CloU, (HHANAR 56 &ML R 24
(6 B2 43 TC ) R . Alpha-loU 2% i i 8 5488 2 HOR U 17 R R BRI AR, (BT ) s R #0175 B3k AT
IR, RAEMARAS b fif et 2 ]
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R UL b ), AT SR P Wise-loU (W1oU) [14]1457 25 B& %, W1oU M IEAS AR A 57 2 11 # 7 6 4
FEAR B8 3 LA —BURIBR B R I R . 7E WIoU H BB (Outlierness) R FE A I 55 2, 91l ks J ~F
B S5 A5 AR O e U AR AR s B BE B RE AR, & I IR RE A BA R o T TR B, i
i v LU IR TR BORE AR U3 98 DB FE o e T AN G U B 1) 1) i v LU AR S0 00, 1y ELCRUE M FE AR 2%
FREA K. W 5] NS RN, BRI AT S 5 R AT IR . B PP FHE 1Y) R
TR L LR R B R 2, SRR B N Sy DA A ST (R A (™ Y P AR 22 MR RS, [ B R/ o T LA
AR ESTE . Wise-loU B AR R :

Lo = Ruiou * Liou (6)
RW —exp (X—th )2 +(y_*ygt)2 (7)
loU (Wgz + H g)
. [BBy
LIoU _1_|BuBgt| (8)

AR XLy NBIEF AT, X, oy, WESHEAER, W2\ HE2 AN, %A
S X 4 T B A 7R ) BUAE 4R AL T . A 5(8) F B 1 B, 4 B FUAE A (S AE R [X
B, Ly, TR I0U 5T, Ly, BEIET 0, ARZEHUNHEA K STHE R & SRR bms, s Rrr .
S5t 5 76 A 2 (6) S AR [ BUKE 1 5% 2 SRR 7 B A IR B A 2

SE5515 CloU $ARE, WioU B2k 75 (K R AR RE RO TIN5 54T 7 /N R I B
B4 PR 24 1 5 (MR PE . BEEh A5V B P T T3 5 R B e BB 2
I, S R RS FE TR (R T R SR v, S 0 1 B AL R 0 T A A

3. SLFH SR N
3.1. BUEERE

SEGHET Unity3D (7 L5 S84 THARRET &, DLZT- & Jy B flii 17 T 1) S5 [l A5 1 5 i)
etk . 2P SN2 RIS (AR ARk, JESERR A5 DS IR A A B S R, A 5Kk H AR
AT SE BB S A R I MR s e S B I (RS 30, DABLALL a8 5 85 0% S AN [ IR BA 2% 40 T (R AR
T SLER LL M6 WRBEAT M8 WE 22 P 5 WL SR ] A AR A ksr i H A, A L5 4 ol i 41 R £ 15 65 G o
Sh . FIHIZF &, RET M6 F1 M8 B [F 1 (1 F ol IZ (B 75 B . BRP AR /MWL) & 200 gk, b AMIE AR R
T 200 fkELE 2 AMEE SIR R G HER G . RS A SGERR S, HARE & L7 BEALALE A ik
Ja, JERRPEL G| B A B E S SR, R CRER BHRERRAERRS AR E R &
LILIR1 600 5K MR, ¥ 400 dk sk B AR EUEAE R IZREE, 200 5K & HE & FUGA/E N EESE . ko 5
W 5 IR I IR B L TIPS AN [RIBE A AR 5 2% HE B 17 S5 i 1) H AR R0 S P R 1t e . B R 38 4 R
Kl 4 Flras
3.2. ZWIMEEIFEIRIR
3.2.1. KBIE

BE RS0 Ubuntu 20.04 LTS, A% 16 GB A7-F1 RTX 3060 (12 GB A7), T4~ >IHESEA Pytorch

2.6.0, Wit CUDA 12.6 #1T GPU M. ZSE &I 4504 400, EEKR4A3 640, % H3lfh 4,
i\ ~F N 640 x 640, Batch Size 15. #4212 0.01. FhE A/ 0.937 FIRLE FE )% 5 %1 0.0005.
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Figure 4. Schematic diagram of the self-created dataset

4. BRIHEETEE

3.2.2. WfkiE#R
N T VAR B AR R, ARSI AT H I VAL FR AR AT SRS FE 2B (MAP) . K B (Precision P)# 1] %
(Recall R). ¥ s5iz % (Floating-point Operations Per Second). 1A K/NIZEE. mAP it AR A

mAP = %ZLAPC ©)
ARQ)F, mAP Sl 7 ARRLAE B A 25 vh KA WIS BE AN (Bl 2 [ RSP AT (B %), mAP@O0.5 4R
24 1oU 2 0.5 I 1 mAP {E: AP, N5 ¢ ISR n N3R5
3.3. ZWHER I

3.3.1. ;EiRhSCIS Sy AR
N B TR AR AN R AR I RE A Rk, AL YOLOVIO0N Y3k dER Al k47
— RYIHRESEEG, LI RINE 1R,

Table 1. Ablation experiment results
1 HRASEIRLER

Layer Z¥iE FRisH

e A IR H 0, 0, 0,
FEYERE WIoU LEGM CGA Fusion mAP@0.5/% P/%  R/% K/NMB 2% IMB  IGFlops

61.75 79.34 4936  5.50 102 2.265 6.5

\ 61.38 779 494 5.5 102 2.265 6.5
YOLOV10n J V 60.95 76.11 516  5.57 125  2.292 6.6
\ \ 67.838 80.52 5525 5.81 129 2418 6.8
\ \ x/ 65.34 81.68 53.66 6.04 139 2539 6.9
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RAEL L g0 nran: woe, BAM5IN WioU #ik e, S EMITEEREAT, H
MAP@O.5 A BE i T %, X R0 B3 & e 40 R R BOR Re i R B RE I 2, 456 WloU BREUR: s /i, 28
SR SCIT 4 8 g i AR A D T BRAE AR L AT BB BE 22, | TR eR BRI IR T I 85 T B I E S
PRI At HL 5 2 5 FL A B B b [R) AR R 4518 FLk, AR KA WioU #1 LEGM BiHEf, mAP@0.5
% 60.95%, {HAFEIZRIES T 2.24%, [FBS AT 4 AR O0CA /NMESE N, UE B LEGM BB
TEASFE I 2505 A0 I [ B 38 i 7 6t PRI SRR A A I BE 7, LEGM VR N RHIE SR U BN R AR S SR T 58
FE BROFRIERR, TR T ROR A AR AR B, X (ES WloU EFTM AN R ES%; H
W, #4454 WloU 5 CGA Fusion 5L, mAP@O0.5 52 #2 71 6.088%, & fifi & Al 73 [0] 43 5 $2 75 1.18%
H15.89%, A& AR /NI S AT, R B R IR AL T, KB CGA Fusion #HUE
i S SRR AR R A B T REAR R S IR HE S H AR FE AT R IR RS 10 R, gt — AR Ak WloU XT T #E AR 1
PO AP ROSRNE, oG AR BJn, AR S EUTA = AN SO B, mAP@O0.5 153 65.34%,
G IEUESRTE 3.59%, A FE AN A ] 45 ) $E v 2.34% K01 4.3%, R AL A Ak BE AT ST A 1 I AE A S
LA

FIRTH AR SCEG R, AR SCHE H ) & SO AR O B A S E ARSI A SRR DTER: WoU 2% R ECH
B AR AL SR AL G5 () [ ) s LEGM A5 USRI TH AR ST T % IR ERE A (1 U ; CGA Fusion
RO A R R Rl A S BT T AR IIRSFE . LEGM BiH 5 CGA Fusion BEHUIE IS & [ HRHF 38 3 55
WIS TN SR A FEARIRHIER R E ST, S WioU Fik 0T B R R E /R BREAS, R EE AL e 2 1k
BAF. = AMEHIE AR R R R RIS, 32T T B AR M B
3.3.2. xtEECIE 4R

SR UE A SCHRE H et S A R AR OB YR S A A R L SR AT X b, 5 SR
% 2 fR

Table 2. Comparative experimental results of various detection models

2. B MR R EE LR S5 R

Jrik mAP@0.5/% P% R% K/ANIMB  BEEIMB  F riizHIGFlops
YOLOV5n 70.99 82.28 59.38 5.08 2.50 7.1
YOLOvV6n 70.56 77.28 60.96 8.30 4.233 11.7
YOLOV8n 71.19 82.65 58.89 5.96 3.006 8.1

YOLOV8n_ghost 57.91 74.11 53.17 3.59 1.714 5.0
YOLOVOt 60.54 77.75 51.32 4.44 1.971 7.6
YOLOV10n 61.75 79.34 49.36 5.50 2.266 6.5
YOLOV10n-WGM 65.34 81.68 53.66 6.04 2.539 6.9

% 2 g Hl: YOLOVION-WGM £ mAP@0.5 RIZE& 1 FE - EE YOLOV1On, YOLOvV9t. YOLOVS-
ghost 250l 3.59%. 4.8%. 7.43%, HE{EXTLHLEIAIFHT41]; YOLOVION-WGM HIFEEE P MIIEL
YOLOvV6N. YOLOv8n-ghost. YOLOVOt. YOLOv1On ZE#E7A73Ji i 4.4%. 7.57%. 3.93%. 2.34%.
YOLOV10n-WGM 7E 25 &k RE B RS T YOLOVSN. YOLOV6N. YOLOvSn &7, fH VT Mg M & Hix
SRR AR, MRS RN L YOLOV6N., YOLOVSN BEM%, 7Eilgil 5k b HAL .
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3.3.3. AIMLLxtEE AR

NIEAR L (YOLOVION-WGM)E SEFR T 5t I MERE, S5 FEHERIAY YOLOVIOn #EAT 1 A ARALT
b SEEREE 7 VYAHARKR G, i IS M E S5, &4 4% YOLOvIOn 1 YOLOvVION-WGM
TINS5 R, X E g SR 5 s .

a W)

(a) YOLOv1On-WGM 7E595-E 5T FumlsE R (b) YOLOV10n fEi3E-EETHTUMLER

(c) YOLOv1On-WGM ¥EERA-FAREE RFMEER (d) YOLOv1On HSERA-FARSE RTUMLER

(e) YOLOv10n-WGM ZRE-RARS S S FNILE R (f) YOLOv10n R&-BAREE RFUMLE R

(g) YOLOv10n-WGM 7R&(-E5FyeTimlss R (h) YOLOv1On R&-EEH TSR

Figure 5. Detection performance comparison between YOLOv10n-WGM and YOLOv10n
5. YOLOv10n-WGM F1 YOLOv10n 7 4 AR [E)i7 5 NS R 3t b &
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Figure 7. Recall metric comparison
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